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Effects of Force-Torque and Tactile Haptic Modalities on Classifying
the Success of Robot Manipulation Tasks
Yukyu Chan1, Hungchen Yu1, and Rebecca P. Khurshid1,2
Abstract— We investigate which haptic sensing modalities, or
combination of haptic sensing modalities, best enable a robot
to determine whether it successfully completed a manipulation
task. In this paper, we consider haptic sensing modalities
obtained from a wrist-mounted force-torque sensor and three
types of fingertip sensors: a pair of FlexiForce force-sensing
resistors, a pair of NumaTac sensors, and a pair of BioTac
sensors. For each type of fingertip sensor, we simultaneously
record force-torque and fingertip tactile data as the robot
attempted to complete two manipulation tasks—a picking task
and a scooping task—two-hundred times each. We leverage the
resulting dataset to train and test a classification method using
forty-one different haptic feature combinations, obtained from
exhaustive combinations of individual modalities of the force-
torque sensor and fingertip sensors. Our results show that the
classification method’s ability to distinguish between successful
and unsuccessful task attempts depends on both the type of
manipulation task and the subset of haptic modalities used to
train and test the classification method.
I. INTRODUCTION
Given recent advances in the field of robotics, it seems
that robots are on the verge of becoming ubiquitous in
everyday life. However, robot manipulators still perform best
in industrial settings where their actions can be hard-coded to
achieve high task performance. Manipulation in unstructured
environments, such as homes, offices, and hospitals, remains
an unsolved problem. Advances in machine learning have
greatly improved manipulation in real-world environments.
However, even one of the most advanced systems, trained
on a dataset of 800,000 grasp attempts collected over two
months, has a failure rate of 17.5% [1].
Given that robot manipulation failures will occur, it is
vital that robots are able to determine whether they have
successfully completed a task when operating in uncontrolled
environments. Because manipulation is fundamentally inter-
twined with the sense of touch, we are especially interested in
determining which modalities of haptic sensing best enable
a robot to classify its task performance. In this paper, we
leverage a task completion classification method developed
by Chu et al. et al. [2] to explore the effectiveness of
data collected from a wrist-mounted force-torque sensor and
three different fingertip tactile sensors in classifying task
completion.
II. BACKGROUND
Haptic sensing has proven to be vital in improving the
manipulation capability of autonomous robots [3], [4]. Haptic
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Fig. 1: Robot setup
sensing encompasses both force-torque and tactile modalities
[5]. Force-torque sensors, often mounted at a robot’s wrist,
can be used to measure the total force and torque applied
to the robot’s hand. Tactile sensors, often mounted on the
robot’s fingertips or over larger areas as ‘skin’, measure local
interactions between the robot and the environment [4], [6].
Tactile sensing encompasses several touch modalities, includ-
ing contact, pressure, temperature, local forces, deformation,
and high-frequency vibrations [3], [4], [7]–[9].
Prior work has shown that multiple modalities of haptic
sensing can be used together to enhance performance in real-
time manipulation controllers [10], [11]. Multiple modalities
of haptic sensing can also be used in off-line classification
methods of manipulation performance, such as identifying
when an object has slipped in the robot’s hand [12], and
to determine properties of the manipulated object [13],
[14]. Bekiroglu et al. combined data from tactile fingertip
sensors with information of the robot’s hand configuration
and prior knowledge of the object to automatically assess
grasp stability [15].
To our knowledge, no prior research has been conducted to
identify overall task performance using multiple modalities
of haptic sensing. This paper leverages a task completion
classification method developed by Chu et al. [2]. In their
work, Chu et al. recorded data from a wrist-mounted force-
torque sensor as the robot attempted to complete several
manipulation tasks. They then trained two Hidden Markov
Models [16] for each manipulation task, one for the robot
successfully completing the task and one for the robot failing
to complete the task. As part of their work, Chu et al. used
these models to classify four instances of previously unseen
attempts for each task as successful or unsuccessful. For
some tasks, this method resulted in perfect classification.
However, with other tasks, such as using a cup to scoop pasta,
Fig. 2: A two-fingered Robotiq Gripper with FlexiForce
sensor (Left), NumaTac sensor (Middle), and BioTac sensor
(right) mounted on each finger.
TABLE I: HAPTIC SENSORS
SENSORS MEASUREMENTS
FlexiForce Normal Force (FF )
NumaTac DC Pressure (PDC ), AC Pressure (PAC )
BioTac
DC Pressure (PDC ), AC Pressure (PAC ),
Core Temperature (TDC ), Core Tempera-
ture Change (TAC ), 19 Impedance Read-
ings (E1− E19)
Force-Torque X- Y- Z- Forces and X- Y- Z- Torques (FT )
the method resulted in a classification accuracy of 50% [2].
III. ROBOT AND SENSOR HARDWARE
We use a UR5 Robot (Universal Robots) with an attached
two-finger gripper (Robotiq: 2F-85), as shown in Fig. 1. The
robot has a force-torque sensor (Robotiq: FT 300) mounted
on its wrist. In addition to the force-torque sensor, we use
three types of fingertip sensors to collect data while the robot
attempts to complete tasks. For each sensor type, one sensor
is mounted on each of the robot’s two fingertips using 3D-
printed mounts, as shown in Fig. 2.
Table I summarizes the selected sensors. The first fingertip
sensors are FlexiForce force-sensitive resistors (Tekscan:
A201, with a range of 0 to 111N). The FlexiForce fingertips
were created by mounting the FlexiForce sensor to a rigid
piece of 3D-printed plastic. The hard plastic, with the sensor
attached, is covered by 1/4 inch Neoprene foam to allow the
sensor to measure fingertip loading that occurs over the full
fingertip pad. Each fingertip made using a FlexiForce sensor
returns one value that is related to the force applied to the
fingertip.
The second fingertip sensor is a NumaTac Sensor (Syn-
touch). The NumaTac is a biomimetic sensor containing
a rigid core surrounded by sealed open-cell foam. The
NumaTac sensor measures the pressure of air in its foam pad,
which will change when forces are applied to the sensor. The
sensor returns both a low-frequency pressure signal, (PDC),
as well as a high-frequency AC pressure vibration signal,
(PAC). When pressure is applied to the sensor, air inside the
foam will leak out over a short period of time, meaning that
in steady-state the PDC measurement can be the same for a
loaded and unloaded state [17].
The third fingertip sensor is a BioTac Sensor (SynTouch).
Like the NumaTac sensor, the BioTac sensor is a biomimetic
sensor with a rigid core. The BioTac’s rigid core is heated
and is surrounded by conductive fluid in an elastic skin.
Like the NumaTac, the BioTac provides measures of low-
frequency pressure (PDC) and high-frequency AC pressure
(PAC). The BioTac also measures its core’s temperature
(TDC) and its core’s temperature change (TAC). The Bio-
Tac’s rigid core also contains a set of 19 electrodes on the
surface that measure the impedance of the BioTac’s fluid
(E1 − E19), which will change locally as the fingertip
deforms when interacting with an object.
IV. METHODOLOGY
To investigate which haptic modalities or combinations of
modalities are best suited to classify task completion, the
robot repeatedly attempted to complete two tasks with each
of the three pairs of fingertip sensors. We hand labeled each
trial as ’successful’ or ’unsuccessful’. Following [2], we then
trained two pairs of Hidden Markov Models, using different
combinations of features extracted from the fingertip and
force-torque sensors. The trained Hidden Markov Models
were used to classify previously-unseen trials as either ’suc-
cessful’ or ’unsuccessful’.
A. Task Design
The robot repeatedly completed a picking task and a
scooping task. The trajectory of the robot’s motion during
the picking task is shown in Fig. 3. During this task, the
robot starts above the object with its gripper open, moves
down so that the object is between the fingers of the open
gripper, closes its gripper, and returns to the starting position.
The manipulated object was a soft wall door stop (National
Hardware), which is a semi-sphere made from a flexible
polymer. This object was chosen because it was difficult,
but not impossible, for the robot to pick up, ensuring that
there would be a good balance between successful and
unsuccessful pick attempts. A trial was counted as a failure if
the robot failed to pick up the object or if the robot dropped
the object before returning to the starting position.
The second task is a scooping task, which is modeled
after one of the tasks designed by Chu et al., [2]. During
this task, the robot holds a scoop and moves through a pre-
programmed trajectory to scoop pasta from a box, as shown
in Fig. 3. During this task, the robot holds on to the scoop
with a pinch grasp. However, the pressure readings for both
the NumaTac and BioTac saturated when the robot grasped
the scoop hard enough so it would not rotate in the robot’s
hand around the axis connecting the robot’s two fingers. To
address this problem, we added a ‘third finger’ to the robot’s
hand to stabilize the scoop. The different types of possible
failures are 1) The scoop hits the bottom of the box, causing
an emergency stop due to excessive torque applied to the
robot’s joints; 2) The scoop slips in the robot’s hand; and 3)
No pasta is scooped up. Failures are caused by the variations
in the position of the scoop in the robot’s hand and the
distribution of pasta in the box.
B. Data Collection
The robot attempted to complete each task 200 times with
each pair of fingertip sensors. During each trial, fingertip-
sensor data, force-torque-sensor data, and the robot’s joint
angles were recorded at a rate of 100 Hz using ROS (Robot
Fig. 3: The robot’s trajectory for the picking task (top) and scooping task (bottom).
Operating System) [18]. The voltage across the FlexiForce
sensors was read via an Arduino microcontroller and com-
municated to ROS via rosserial [19]. The ROS BioTac driver
[20] was used to receive data from the BioTac sensors and
was slightly modified to receive data from the NumaTac
sensors. Each data packet for the BioTac sensors contains
22 PAC readings, for an effective data rate of 2,200 Hz.
We hand labeled each trial as ‘successful’ or ‘unsuccess-
ful’ using the failure criteria described above. A custom ROS
node was used to send preprogrammed trajectories to the
robot via The Real Time Data Exchange interface provided
by Universal Robots. The steady-state speed of the robot’s
gripper was approximately 0.1 m/s.
C. Model Training and Classification
Following, Chu et al. [2], we model the data trajectories
using Hidden Markov Models, which are well suited for
modeling time-series data [16]. The raw data is pre-processed
and sorted into feature sets. For each feature set, two Hidden
Markov Models are trained, which are used to classify
previously unseen trials as successful or unsuccessful.
1) Data Processing: First, we reduced the dimensionality
of data collected from the BioTac sensors using Principle
Component Analysis on the aggregated data of the BioTac’s
19 Electrodes from the 200 picking trials and 200 scooping
trials separately. We reduce the BioTac’s electrode data to
the first four principal components, which retains 99.8% of
the total variance for the picking task and 95.5% of the total
variance for the scooping task.
Next, we scale the raw data so that all components of the
data are scaled to range from 0 to 1. To preserve informative
differences between related features, the forces from the
force-toque sensor, the torques from the force-torque sensor,
and the first four principal components of the BioTac data
were scaled together. Example plots of the processed features
are shown in Fig. 4.
Finally, we downsample the PAC data of the BioTac
sensors by selecting the first of the 22 samples recorded
in every data packet to produce a 100Hz signal. To ensure
that we did not lose important high-frequency information
through downsampling we first ensured that the spectrogram
of the 2200Hz PAC data shows that most of the frequency
content of the signal was below 50Hz. Furthermore, we
compared the classification performance of 2200Hz PAC
data with the classification performance of 100Hz PAC data
and found no performance differences.
2) Feature Selection: Models were trained using exhaus-
tive feature combinations of haptic modalities. For trials
collected using the FlexiForce fingertips, we trained the
models using the three combinations of FlexiForce data alone
(FF ), Force-Torque data alone (FT ), and FlexiForce data
with Force-Torque data (FF, FT ). For the NumaTac Sensor,
we trained the models on the seven possible features subsets
using all possible combinations of PDC , PAC , and FT data.
For the BioTac Sensor, we trained the models on the thirty-
one possible features subsets using all possible combinations
of PDC , PAC , temperature data (T ), which includes TDC ,
TAC , the first four principal components of the electrode data
(E), and FT data. The full list of feature combinations are
shown in Table II.
3) Model Training: For each feature subset, we randomly
select 10% of the successful trials and 10% of the unsuc-
cessful trials for the test dataset. We then train one model
using the remaining successful trials and one model using the
remaining unsuccessful trials. The number of Hidden States
for each model is chosen using a 5-fold cross validation
to select the best performing model with between 3 and 8
hidden states. Models were trained using the open-source
Python package, Scikit-learn [21].
4) Classification: Following [2], for each trial in the test
set, we calculate the log-likelihood from both the successful
and unsuccessful model. The model is classified as successful
if the successful model returns a higher log-likelihood score.
Similarly, the model is classified as unsuccessful if the
unsuccessful model returns a higher log-likelihood score.
This approach removes the need to set any classification
thresholds [2]. We can use the classification results to calcu-
late standard metrics, including:
• Precision: the ratio of the number of correctly classi-
fied successful trials to the total number of correctly
classified trials
• Recall: the ratio of the number of correctly classified
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Fig. 4: Haptic features from example successful picking (top row), unsuccessful picking (second row), successful scooping
(third row), and unsuccessful scooping (fourth row) tasks. The X-axis of each plot is time, measured in seconds. The first
column of plots shows force-torque data. The remaining plots show the haptic features obtained from one of the two fingertip
sensors mounted on the robot.
as successful
• F1 score: the harmonic mean of precision and recall
• Classification Rate: the percentage of correctly classi-
fied trials
D. Bootstrapping
When the procedure described above was carried out
multiple times, we saw some variation in the algorithm’s
performance. Therefore, we ran the procedure fifty times
for each feature set. We use the results to calculate 95%
confidence intervals for each classification metrics.
V. RESULTS
Fig. 4 shows example data from a successful and failed
picking task and a successful and failed scooping task. The
mean and width of the 95% confidence intervals of the classi-
fication metrics for each feature subset are presented in Table
II. A plot showing the classification rates for each feature
subset is shown in Fig. 5. The model failed to converge
for the feature subset of PDC and PAC measurements for
the picking task. The classification method performed more
accurately on the scooping task than the picking task when
the feature subset consisted of only FlexiForce pressure data
(FF ). For the rest of the feature combinations on which the
model could be trained, the classification method was more
accurately able to classify trials from the picking task.
For data collected when the robot was instrumented with
the FlexiForce fingertips during the picking task, FF alone
achieved the worst classification performance, with a 72.1%
classification rate (CR). The combination of FF and FT
(96.2%) outperformed FT alone (93.7%). For data collected
with the NumaTac Fingertips, FT (91.3%) outperformed the
tactile single-feature subsets of PDC only (81.4%) and PDC
only (88.7%). Adding the tactile features to FT led to a
very slight improvement of < 0.6% for all combinations,
which is within the 95% confidence interval of FT alone.
The classification method was very accurate using all feature
combinations of data collected with the BioTac Fingertips,
with the lowest CR being 93.9% when using FT alone. All
tactile modalities PDC (95.0%), PAC (96.8%), T (96.1%),
and E (96.1%) resulted in better CRs than the FT . CRs for
two-feature subsets ranged from 94.4%-98.3% and CRs for
three-, four-, and five-feature subsets were all above 95%.
Like the picking task, CRs for the scooping task using
the FT (79.9%) only resulted in a higher CR than using
FF only (76.9%). However, unlike the picking task, two-
feature subset of FT and FF performs slightly worse
(79.1%) than the single feature subset of FT alone. For
data collected with the NumaTac fingertips, both PDC and
the combination of PDC and PAC result in low CRs of
59.9% and 56.4%, respectively. The classification method
performed better using the single-feature subsets of PAC
only (74.8%) and FT only (77.1%). The combination of
PAC and FT resulted in a slightly higher CR of 78.1%.
Among the feature subsets created from data collected when
the robot was instrumented with the BioTac sensors, PAC
performed with the lowest CR of 54.2%. The CRs for the
other single-feature subsets were as follows: PDC (77.4%),
E (79.8%), T (81.1%) and FT (82.9%). CRs for two-feature
subsets ranged from 76.2%-84.6% and CRs for three-, four-,
and five-feature subsets ranged from 79.0%-85.0%.
VI. DISCUSSION
The classification performance for the picking task gen-
erally outperforms the classification performance for the
scooping task. This may be due to the fact that the failure
modalities of the picking task (fail to pick up or drop)
produce more similar haptic signatures than the different
failure modes of the scooping task (robot stalls, scoop slips,
robot fails to scoop up pasta). The classification performance
for the picking task is also likely higher due to the fact that
TABLE II: CLASSIFICATION RESULTS
Fingertip
Sensor
Features Picking Task Scooping Task
P R F1 CR P R F1 CR
FlexiForce FF 69.9, 3.5 70.9, 5.0 70.0, 3.1 72.1, 2.8 80.3, 1.2 92.1, 2.9 85.7, 1.3 76.9, 1.8
FT 90.6, 2.4 96.5, 2.0 93.4, 1.7 93.7, 1.6 79.6, 0.8 98.6, 0.5 88.1, 0.5 79.9, 1.0
FF, FT 94.0, 2.5 98.1, 1.4 96.0, 1.5 96.2, 1.5 79.9, 0.8 96.6, 1.4 87.4, 0.7 79.1, 1.1
NumaTac PDC 78.2, 2.7 89.9, 2.2 83.6, 1.9 81.4, 2.3 69.7, 3.7 70.6, 14.2 67.0, 8.1 59.9, 5.2
PAC 88.8, 2.6 90.2, 2.8 89.3, 1.5 88.7, 1.7 73.2, 1.1 95.7, 3.3 82.8, 1.4 74.8, 1.6
FT 91.4, 2.5 92.3, 2.4 91.8, 1.8 91.3, 2.0 76.2, 1.6 93.4, 2.5 83.9, 1.3 77.1, 1.8
PDC , PAC Cannot be trained 71.0, 4.5 58.3, 14.8 60.2, 8.7 56.4, 5.0
PDC , FT 93.0, 1.9 91.2, 2.4 92.0, 1.5 91.7, 1.5 78.6, 3.2 66.8, 8.1 71.2, 5.0 66.4, 4.3
PAC , FT 91.8, 2.0 93.1, 2.3 92.3, 1.4 91.9, 1.4 76.8, 1.5 94.3, 2.1 84.6, 0.9 78.1, 1.4
PDC , PAC , FT 92.2, 2.5 91.9, 2.5 92.0, 1.8 91.6, 1.9 79.5, 3.4 64.1, 9.5 69.8, 5.8 65.9, 4.8
BioTac PDC 93.8, 2.3 95.4, 2.5 94.5, 1.8 95.0, 1.6 80.4, 1.5 87.1, 4.4 83.4, 2.4 77.4, 2.7
PAC 95.1, 2.1 98.1, 1.4 96.5, 1.2 96.8, 1.1 74.9, 4.4 45.4, 8.9 55.4, 7.5 54.2, 5.4
T 94.6, 2.4 97.1, 1.6 95.8, 1.4 96.1, 1.3 82.3, 2.1 92.7, 2.5 87.1, 1.8 81.8, 2.5
E 93.1, 2.4 98.8, 1.4 95.8, 1.4 96.1, 1.4 85.5, 2.0 83.8, 3.5 84.5, 2.1 79.8, 2.6
FT 89.2, 2.6 98.6, 1.3 93.6, 1.5 93.9, 1.5 80.7, 1.4 96.9, 1.7 88.0, 1.1 82.9, 1.5
PDC , PAC 98.4, 1.8 94.3, 2.4 96.2, 1.6 96.7, 1.4 82.5, 2.0 81.7, 4.6 81.8, 2.1 76.2, 2.2
PDC , T 96.4, 1.7 97.3, 1.6 96.8, 1.1 97.1, 0.9 83.0, 2.0 91.3, 2.5 86.9, 1.6 81.8, 2.2
PDC , E 94.1, 2.4 99.4, 0.9 96.7, 1.4 96.9, 1.3 84.6, 1.9 86.0, 3.3 85.2, 1.8 80.3, 2.2
PDC , FT 90.8, 3.3 98.6, 1.4 94.4, 1.9 94.7, 1.9 81.8, 1.9 93.7, 2.1 87.3, 1.4 81.9, 2.0
PAC , T 94.6, 2.2 97.6, 1.4 96.0, 1.2 96.4, 1.1 84.9, 2.2 93.7, 1.9 89.0, 1.4 84.6, 2.0
PAC , E 95.6, 1.9 99.8, 0.6 97.6, 1.0 97.8, 1.0 84.3, 2.1 83.8, 5.1 83.9, 3.2 79.0, 3.7
PAC , FT 89.7, 3.0 99.2, 0.8 94.1, 1.7 94.4, 1.8 81.9, 1.9 96.7, 2.0 88.6, 1.5 83.6, 2.2
T,E 98.0, 1.6 98.3, 1.2 98.1, 1.0 98.3, 0.9 85.8, 1.9 88.5, 3.2 87.0, 1.9 82.6, 2.3
T, FT 90.5, 2.6 98.1, 1.5 94.1, 1.5 94.4, 1.5 82.5, 1.9 95.6, 2.2 88.5, 1.6 83.6, 2.3
E,FT 95.0, 2.1 99.4, 1.0 97.1, 1.2 97.3, 1.1 84.7, 2.1 91.3, 2.8 87.7, 1.5 83.1, 2.0
PDC , PAC , T 96.1, 1.9 97.8, 2.2 96.9, 1.4 97.2, 1.3 83.5, 1.9 91.0, 2.5 87.0, 1.6 82.0, 2.1
PDC , PAC , E 96.3, 2.2 99.7, 1.1 97.9, 1.2 98.1, 1.1 85.0, 2.7 83.3, 3.8 83.9, 2.3 79.0, 2.9
PDC , PAC , FT 92.0, 2.6 98.6, 1.9 95.1, 1.7 95.4, 1.6 82.8, 2.0 94.4, 2.7 88.1, 1.7 83.2, 2.4
PDC , T, E 97.1, 2.1 97.7, 1.5 97.3, 1.3 97.6, 1.2 83.9, 1.9 88.0, 3.7 85.8, 2.4 80.9, 2.9
PDC , T, FT 97.8, 1.4 97.5, 1.3 97.7, 1.0 97.9, 0.9 83.0, 1.6 93.8, 2.2 88.0, 1.4 83.1, 2.0
PDC , E, FT 94.9, 2.7 98.8, 1.5 96.7, 1.5 97.0, 1.4 85.7, 2.1 86.1, 3.8 85.7, 2.0 81.2, 2.3
PAC , T, E 97.2, 1.5 98.3, 1.2 97.7, 0.8 97.9, 0.8 84.7, 2.1 87.2, 3.1 85.8, 2.1 81.0, 2.7
PAC , T, FT 94.2, 2.1 98.9, 0.9 96.5, 1.1 96.7, 1.1 84.2, 1.7 95.3, 2.1 89.4, 1.5 85.0, 2.1
PAC , E, FT 94.8, 1.8 99.1, 1.2 96.9, 1.1 97.1, 1.0 84.5, 1.7 89.6, 2.9 86.9, 1.8 82.2, 2.3
T,E, FT 98.2, 1.3 97.9, 1.3 98.0, 0.9 98.2, 0.8 84.4, 2.0 90.7, 2.5 87.4, 1.7 82.7, 2.3
PDC , PAC , T, E 97.1, 1.5 97.6, 1.9 97.3, 1.2 97.6, 1.0 85.3, 2.2 86.8, 3.2 85.9, 2.1 81.3, 2.7
PDC , PAC , T, FT 98.0, 1.5 96.8, 1.7 97.3, 1.0 97.6, 0.9 84.0, 2.4 94.5, 2.3 88.9, 1.6 84.3, 2.4
PDC , PAC , E, FT 95.3, 2.1 99.6, 0.8 97.4, 1.2 97.6, 1.1 85.7, 2.0 89.3, 3.0 87.3, 1.7 82.9, 2.2
PDC , T, E, FT 97.7, 1.5 97.6, 1.4 97.6, 1.0 97.9, 0.9 85.4, 2.2 90.8, 3.0 87.9, 1.9 83.6, 2.5
PAC , T, E, FT 98.6, 1.2 97.7, 1.2 98.1, 0.7 98.3, 0.6 85.4, 2.1 91.1, 2.5 88.1, 1.4 83.7, 1.9
PDC , PAC , T, E, FT 98.3, 1.4 97.9, 1.4 98.0, 1.0 98.2, 0.9 84.6, 1.9 90.0, 3.0 87.1, 1.7 82.4, 2.3
P = Precision, R = Recall, CR = Classification Rate. Data is presented as (mean, width of the 95% confidence interval) in units of percentages.
during this task, the robot’s hand directly manipulates the
task objects, whereas in the scooping task the robot uses a
hand-held tool (the scoop) to pick up the pasta.
For both the picking task and the scooping task, data
from the wrist-mounted force-torque sensor results in fairly
accurate classification of successful and unsuccessful task
attempts. In general, using data from the BioTac sensors
results in better CRs than data from the FlexiForce sensors
or data from the NumaTac Sensors. The notable exception is
that using BioTac PAC data leads to poor classification for
the scooping task. As seen in Fig. 4, during this task the PAC
channel captures significant levels of vibration caused by
collisions between the scoop and the pasta. The PAC channel
from the NumaTac sensor captures less of these vibrations,
likely due to the damping properties of its foam finger pad.
Interestingly, this reduced sensitivity may be the reason for
the NumaTac’s higher PAC CR. However, as expected the
foam finger pad of the NumaTac sensor results in reduced
classification performance with PDC data as compared to the
BioTac Sensor. For both tasks, the BioTac’s core temperature
and core temperature change proved to be valuable features
for task completion prediction, as did the first four principals
components of the BioTac’s 19 electrode signals.
VII. FUTURE WORK
The best CRs for the picking task are close to perfect,
however, the best CRs for the scooping task are notably
lower. In the future, we plan to investigate whether different
machine learning classification techniques can better enable
the robot to determine whether or not it completed a task. We
also plan to investigate classification performance using only
partial task trajectories, which could empower the robot to
identify when a task-in-progress is likely to fail and correct
its actions. In the future, we will also test our techniques on


























































BioTac FingertipsNumaTac FingertipsFlexiForce Fingertips
FF PDC PAC T FTE
Fig. 5: Mean classification rates obtained from the 50 trials for all combinations of haptic modalities for the picking task
(top row) and scooping task (bottom row). The error bar shown on each bar represents the 95% confidence interval. The
color of each bar represents the haptic modalities used in that combination. For example, a bar with teal and orange stripes
represents the feature set of T and FT data.
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